List of Tables   Table 1: Resources Used as Guidance to Develop MAID 13 
Introduction
Organizations run on data. They use it to manage projects and the enterprise, select products to develop, make decisions, and guide improvement. Measurement and analysis is a critical enabling activity for superior performance. In the quest to beat the competition by making products and processes better, faster, and cheaper, having and using high quality data and information is an input to every key decision.
But how reliable is the data organizations collect and use? How good is the information generated from the data? Given the importance of measurement and analysis in decision making, organizations need to ensure their data, analyses, and corresponding reports are of high quality and meet the information needs of practitioners and managers. Yet organizations often have no method for evaluating the quality of their measurement and analysis infrastructure and very little trust in their own data.
Attention to data quality has been focused primarily in the areas of customer relationship management (CRM) and business intelligence (BI). Organizations rushed to implement CRM systems in the 1990s, but they soon realized poor data could derail the payoff they expected from their substantial investments in these systems. Industry experts, vendors, and consultants were quick to identify problems and offer solutions [Krill 2001 ].
While the focus on data quality has not carried over to project measurement data, interest is growing. This report describes the state of the practice in dealing with project-and process-related data and introduces a method for evaluating an organization's measurement and analysis infrastructure. The method draws upon standards, best practices, and techniques from software engineering and process improvement.
Importance of Measurement and Analysis
In the context of software and systems development, organizations measure to better understand and control resource use in the production of products and services. Measurement and analysis provides the means for organizations to know, manage, and improve their performance. Essentially, they measure to characterize, evaluate, predict, and improve what they are producing and how it is produced.
They need to characterize processes, products, and environment to provide baselines for future assessments. Without an understanding of their current state, future changes cannot be evaluated effectively and the use of measurement is ad hoc.
Next, they need to evaluate their projects and processes. Once the status is determined, it can be controlled. With suitable control, organizations can predict performance more realistically and set achievable goals for quality, schedule, and cost.
Finally, they can improve production and products by identifying the root causes of problems and opportunities for improvement. This basic measurement structure has been used for many years, but in software development we find that many of these concepts seem hard to envision, much less implement. Without a good capability for measurement and analysis, an organization is unable to accurately and objectively know, manage, and improve its performance.
Impacts of Poor Data Quality
The problem of poor-quality data has far-reaching consequences. The Gartner Group predicted that in 2006, at least 25% of the data used by the Fortune 100 companies would be inaccurate [Friedman 2005 ].
Some of the problems linked to the use of poor-quality data include the following:
poor project, cost, and schedule estimation poor project, cost, and schedule tracking inappropriate staffing levels flawed product architecture and design decisions ineffective and inefficient testing fielding of low quality products ineffective process change
In short, an organization's measurement and analysis infrastructure directly impacts the quality of the decisions made at all levels, from practitioner and engineer through project and senior managers.
In addition to those directly involved in the development of software intensive systems, acquirers of those systems also have a vested interest in the quality of the data and information produced by development organizations. 
Common Errors in Measurement and Analysis
Measurement errors come from several sources within a development organization. These errors undermine the quality of the data and its potential contribution to organizational performance. Some of the most common measurement errors are discussed in this section.
Missing or Unclear Measurement Goals
When underlying measurement goals and rationale are not shared, other activities can steal priority and undermine effective implementation of the measurement process. Organizations should not assume that those who collect and report measurement data understand the goals that are associated with those measures. In the 2006 State of the Measurement Practice Survey, there were significant differences between staff and management responses when asked how often they understood the purpose for the data they collected or reported. While approximately 75% of the program managers and executives reported that they frequently understood why data was being collected, only 52% of the programmers and 60% of the engineers chose that option [Kasunic 2006 ]. Measurement goals must be documented and reviewed on a regular basis to promote a common and shared understanding across the organization.
Lack of Resources and Training
A significant amount of measurement error is introduced by the use of inappropriate data analysis techniques. Similarly, opportunities for discovery are missed when individuals are unaware of analysis methods that can transform the data into useful information that supports decisionmaking. Organizations must be willing to invest in the development of a cadre of personnel with the appropriate competencies to support implementation of a measurement program.
Differing Operational Definitions
When measurement is used for simple comparison or benchmarking, the measures to be compared must be commonly defined. However, in the software development world, measurement definitions have not been standardized. In fact, only 36% of the participants in the SEI's 2006 State of the Measurement Practice Survey strongly agreed or agreed with this statement: "The definitions of measures that are used in my organization are commonly understood and consistent" [Kasunic 2006 ].
Consider the case of four different software projects that have similar characteristics. Each project measures productivity and uses the common term "productivity" to refer to the measure. However, the actual definitions that have been assigned to the term are different [Kasunic 2008 ]. Some other terms that commonly cause problems when an operational definition is not provided are project duration, defect severity or type, lines of code (LOC), and milestone completion. If operational definitions are not agreed upon at the start of a project and used consistently across the organization, the data collected will be unreliable when combined or compared.
The Measurement Method Itself
How to measure something is a choice. The choice involves measurement scales, technology, and methods. For instance, if you are measuring a room, you could use a ruler to do this and mark the end of it with your finger, put it down again where your finger is, and continue on till you reach the other wall. Alternatively, you could use a tape measure that is longer than the room. The former is likely to have more measurement error than the latter simply because of the method and technology used. It might be improved by making a mark on the floor and carefully aligning the ruler with the mark.
As in any process, a measurement process can be subject to both common and special cause variation. Control is attained only when the sources of variation are identified and mitigated to the extent possible and affordable. When human activity is integral to the process, similar measurement error as described above can occur, particularly when tasks such as identification, rating, or ranking are involved. Without a good sense of whether such activities are repeatable and reproducible-within and between personnel-management cannot form a valid opinion as to the accuracy or precision of measurements and therefore the analyses and information produced from the data.
Lack of Rigor in the Measurement Process
A lack of rigor in data collection can lead to sloppy, unreliable data. Three common behaviors related to a lack of rigor follow.
1. Guessing rather than measuring. When asked to report data, organizations or individuals who do not have a measurement plan in place might instead use estimation or guessing to provide the information. For example, employees might estimate how long they spent on a task at the end of the month when filling out effort or time sheets instead of tracking the actual time spent each day.
2. Biased data collection. Organizations or individuals sometimes focus data collection on areas that are already successful and ignore problem areas to make their data appear more positive. For example, a business might intentionally or unintentionally survey only happy or returning customers and exclude unhappy ones.
3. Shifting the purpose associated with a measurement. This often happens when measures are collected without a link to an explicit purpose. For instance, lines of code (LoC) might be collected and used as a measure of product size, project progress, or even product complexity. Understanding the purpose and intended use should influence the measurement method and process. When these are not adjusted, the measure itself is likely to have greater error with respect to the new purpose and greater interpretation ambiguity. Problems also occur if data is collected for a specific purpose, then used for something else. For example, if effort data is collected for accounting and employees are only allowed to work 40 hours a week, the data they submit will not include any overtime they spent on the project. If project managers use that data to estimate how long a similar project might take, their estimates will be inaccurate.
Dysfunctional Incentives
Measurement programs linked to dysfunctional incentives can cause the data reported to be skewed. For example, if employees are rewarded for high productivity as measured by lines of code per hour, they will be motivated to increase the number of lines they write. However, if they use three lines to write what they previously would have written in one, there has not actually been an increase in productivity.
Lack of Priority or Interest in the Measures and Their Analysis
While organizations generally indicate that they want data, they sometimes place a low priority on its collection. If there are no visible uses of the data and no sustained management sponsorship for measurement and analysis activities, people have little motivation to spend their time collecting it. A lack of consequences associated with poor data collection or measurement also indicates a low priority for an organization.
Constrained Precision of Measurement
Accuracy is important when recording data. Although it might not seem important that the three hours of effort expended on a task was recorded as 0.5 days, the cumulative effect of such deviations from the true value in multiple entries can make data unreliable.
Failure to Analyze for Variation
Often, averages are used to characterize performance measurements. In processes, this can be particularly misleading without an associated measure of variability. Control of process performance outcomes relies on stability, which is effectively measured by identifying the underlying distribution of the data and addressing root causes of abnormal or undesirable variation.
Data Entry Errors
Data entry errors pose an ongoing threat to data quality. Some examples include numbers or letters transposed, incorrect numbers entered, decimal points within numbers misplaced or missing, the wrong data field selected on the data entry form, and the use of incorrect formats.
In some cases, missing data is reported as the number -0‖ instead of -missing.‖ This is a potentially subtle error. In some databases, data fields are set at 0 and it is not possible to distinguish between an activity being performed and finding no defects and an activity not being performed at all. The latter case should have a -missing data‖ or -not yet performed‖ indicator rather than a 0 to avoid problems when performing calculations.
Creating a Measurement and Infrastructure Diagnostic

Defining Information Quality
The words -quality‖ and -high quality‖ conjure up a number of images: expensive cars, expensive clothes, expensive high-definition televisions … expensive things. However, it is a mistake to always associate quality with cost. Quality is not about luxury or superiority-it is about perceptions and expectations. A hand-crafted tortoiseshell fountain pen with an engraved gold nib, costing $400, is a quality writing instrument. However, a mass-produced plastic ballpoint pen that does not leak or smudge, operates until the ink is exhausted, and costs 99¢ is also a quality writing instrument.
Philip Crosby provides a useful definition of quality wherein he defines meeting expectations as conformance to requirements [Crosby 1979 ]. Quality can only be measured in terms of requirements and conformance to requirements. Quality is not about perfection; it is concerned with the task of meeting clearly specified and achievable levels of performance. These levels of performance can be applied equally well to manufactured goods or to the delivery of services such as health care, the provision of training, and even to the provision of measurement information.
As we extend Crosby's definition of quality to information quality, one must identify the -customer‖ of data -the knowledge worker who requires data to make effective decisions. Information quality exists when information enables knowledge workers to accomplish their enterprise, organizational, and project or team goals. In order to meet the needs of knowledge workers, measurement information products must have high quality. Larry English defines three components of information quality: Data content quality-the correctness of data values. It includes completeness, nonduplication, conformance to the defined data definitions, and the accuracy of the data.
Data presentation quality-the quality of the information product as delivered to the knowledge worker, transforming the data material into a useful information product that supports decision making. It includes timeliness (i.e., you have the information when you need it) or accessibility (i.e., you can get the information when you need it) of the data, as well as a presentation format that easily communicates the significance of the data in a way that is fit and effective for the knowledge worker's use [English 2004 ].
Measurement Information is the Product of a Process
Measurement information is the product of a process that creates and/or updates it. The information potentially becomes the supply material or -input‖ for many other business processes. The supply chain of measurement information as a product is illustrated in Figure 1 [Chrissis 2006 ]. As the product of a process, the same principles of quality improvement that Deming, Crosby, and Juran applied within the manufacturing domain can and should be applied to the measurement process in order to improve information quality [Deming 1986 , Crosby 1979 , Juran 1998 ].
Figure 1: Simplified Representation of the Measurement Process
Improving Information Quality Begins with Understanding Where You Are
As we consider improvement of the measurement process and data quality, the SEI IDEAL SM model comes to mind [SEI 2008 ]. This model is illustrated in Figure 2 .
The IDEAL model is an organizational improvement model that serves as a roadmap for initiating, planning, and implementing improvement actions. The IDEAL model is named for the five phases it describes: initiating, diagnosing, establishing, acting, and learning.
Note that the IDEAL model emphasizes that a complete understanding of the current state of a process is essential before improvement changes are implemented. This understanding is achieved during the diagnosing phase. During the diagnosing phase, two characterizations of the organization are developed: the current state of the organization and the desired future state. These organizational states are used to develop a practical and effective plan for improving the process.
SM
IDEAL is a service mark of Carnegie Mellon University.
1. Establish measurement objectives.
2. Specify measures.
3. Specify data collection and storage procedures.
4. Specify analysis procedures.
5. Collect measurement data.
6. Analyze measurement data. 
Figure 2: SEI IDEAL Model
Characterizing the current and desired states of the measurement process is similar to identifying the origin and destination of a journey. Characterizing these two states can be done more easily and effectively using a criterion-based reference that catalogues established effective measurement and analysis practices. Herein lies the rationale and motivation for the development of a method for diagnosing the health of an organization's measurement program.
A Diagnosis Method for the Measurement Process
Ensuring information quality is a challenge for most organizations-partly because they may not be fully aware of their own data quality levels. Without this information, they cannot know the full business impact of poor or unknown data quality or how to begin addressing it.
The SEI is embarking on an effort to develop the Measurement and Analysis Infrastructure Diagnostic (MAID) method. The intention is to develop a criterion-based assessment method that will allow an organization to evaluate key characteristics of their measurement program (see Figure 3) . MAID will draw upon, synthesize, and organize well-established best measurement practice guidance that is already embodied in existing models, standards, methods, and applicable best practices (see Figure 4 ). Table 1 provides a list of references for the various inputs that will contribute to the MAID assessment criteria. 
MAID Focus
Elements of MAID
MAID assessment criteria will be developed to address (a) the measurement process (see Figure 1) (b) information quality
Assessing the Measurement Process
A set of detailed assessment criteria will be developed to evaluate each stage of the measurement process including 1. measurement planning 2. data collection and storage 3. data processing, information analysis, and interpretation of analysis results
measurement information reporting
impacts of measurement information
Assessing Information Quality
In addition to measurement process assessment, MAID will also diagnose issues associated with information products that are generated by the measurement process.
It is difficult to manage information quality without understanding the attributes that define it. Wang has described a hierarchy of data quality dimensions [Wang 1995 ]. This hierarchy is illustrated in Figure 5 and was motivated by the factors in the list that follows.
1. The knowledge worker must be able to get to the data, which means that the data must be accessible. That is, the user must have the means and privilege to get the data. In order to be accessible to the user, the data date must be available.
2. The knowledge worker must be able to interpret the data. That is, the user must understand the syntax and semantics of the data.
3. The data must be useful, meaning the data can be used as an input to the user's decisionmaking process. To be useful, the data must be relevant (i.e., fits requirements for making the decision), and timely. Timeliness, in turn, can be characterized by currency (when the data item was stored in the database) and volatility (how long the item remains valid).
4. The data must be believable to the user, to the extent that the user can use the data as a decision input. To be believable, the user may consider, among other factors, that the data be complete, consistent, credible, and accurate. Information quality is a broad, umbrella term for the accuracy, completeness, consistency, conformity, and timeliness of a particular piece or set of data and for how data enters and flows through the enterprise. Different organizations have different definitions and requirements for data quality, but it ultimately boils down to data that is -fit for purpose.‖ Figure 6 is a simple depiction of an enterprise that is composed of organizations. These organizations instigate programs or projects and teams to accomplish the business objectives of the enterprise. Several different types of MAID assessments will be available depending on the scope of what is to be assessed. The scope of a MAID assessment is determined during the planning phase of MAID and is based on the desire of the management stakeholders. As illustrated in Table 2 , MAID assessments could assess the entire enterprise, one or more organizations within the enterprise, or one or more projects within an organization. 
Application Scope -Conducting a MAID Assessment
Data Quality
MAID Scope Description
MAID is conducted to evaluate the measurement program across the enterprise.
MAID can be scoped to evaluate one or more organizations within the enterprise. When programs, projects, or teams contribute measurement information to the organizational measurements, they become part of the assessment.
MAID can also be scoped to assess the measurement practices of one or more projects within an organization.
Looking Ahead
There is a growing need for organizational confidence in measurement data collection, processing, analysis, storage, and interpretation to support decision making. Organizations need to be able to answer the following questions:
How good is our data?
Are we doing the right things in terms of measurement and analysis? Are we doing them well?
How good is the information we generate?
Are we providing value to the organization and stakeholders?
How can we improve our measurement processes and improve information quality?
How can we meet the CMMI-based goals associated with measurement?
To assist organizations with these questions, the SEI is developing MAID. If your organization is interested in piloting the MAID method with the SEI, please contact: customer-relations@sei.cmu.edu.
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